plants, using a Mettler Toledo XPR6U Microbalance, the dried root samples were analyzed for total nitrogen and atom % 15 N using a Euro-EA EuroVector elemental analyzer coupled with an IsoPrime mass spectrometer (GV Instruments). The mean 15 NO3-influx rate of the CRF4-OX plants was compared to the mean 15 NO3-influx rate of wild-type (WT) and nrt2.1 mutant plants using a ANOVA model (Two factors: Genotype & Treatment). We then used a TukeyHSD test to compare the group means (GenotypexTreatment) and confirmed that the mean 15 NO3 -influx rate of the induced CRF4-OX lines is significantly different (p<0.05) than the un-induced CRF4-OX lines, and also from wild-type (induced and un-induced). The 15 NO3 -influx rate of the induced CRF4-OX line is not significantly different from the reduced nitrate uptake rates in the nrt2.1mutant lines (induced and un-induced) (Table S16) .
Plant growth conditions for CRF4-OX genome-wide targets:
Wild-type Col-0 and CRF4-OX(2) (Accession no: CS2104639) lines were grown for 7 days on 1% agar plates with a nitrate-free media containing 1x MS basal salts (Caisson Labs), 0.5 g/liter MES sodium salt (Sigma-Aldrich) and supplemented with 1mM N (supplied as 0.5mM NH4NO3 (Sigma-Aldrich)). On the day before RNA sampling, treatment plates were flooded with 2mL of 10µM β-estradiol solution to induce CRF4-OX overexpression (2) , while control plates were treated with 2mL of DMSO (solvent). The solutions were spread evenly over the plate for one minute and excess solution was poured off. After 24 hours, roots and shoots from both sets of plants were harvested separately and immediately flash frozen in liquid nitrogen. Samples were harvested from three replicate control and treatment plates with 12 roots or shoots pooled per sample, and total RNA was extracted for RNA-seq analysis. qPCR assays for NRT2.1 expression in the CRF4-OX lines (Fig. S13) were performed from these same samples as well. qPCR assay was performed with UBQ10 as the control gene for normalizing CRF4 gene expression.
RNA extraction and library preparation for RNA-Sequencing:
Approximately 100 mg of plant tissue was used to extract total RNA from pulverized, frozen roots and shoots with an RNeasy Mini Kit (Qiagen) with on-column DNase treatment. mRNA was purified using Dynabeads Oligo (dT) 25 and analyzed on an Agilent Bioanalyzer to determine purity and quantity. mRNA was fragmented to 200-250 bp fragments prior to cDNA synthesis. Reverse transcription was performed using SuperScript III (InVitrogen, 18080-044) with second-strand synthesis with dUTPs, followed by cleanup, end repair, and dA-tailing. Universal Y-shaped adapter ligation was performed to enable sample multiplexing. Library amplification and multiplexing were performed using dUTP excision and amplification followed by PCR enrichment using 2x Phusion HF Master Mix (NEB, M0531L). Size-selection was performed on agarose gels using gel extraction and purification (Qiagen Gel Extraction Kit). Final quantitfication of cDNA library was performed using the DNA Bioanalyzer Chip and KAPA Library Quant qPCR. The cDNA libraries pooled in equimolar amounts and the pools were sequenced on the Illumina HiSeq 2500 v4 platform in paired end mode for 100 cycles.
Genome-wide targets identified by plant cell-based TARGET assays:
The TARGET system (6) was used to identify the genome-wide targets of N-signal regulators CRF4, SNZ and CDF1 (Table S5 -S7, respectively). The Arabidopsis Col-0 plants were grown in 1mM KNO3 for 10 days prior to the TARGET experiment. The protoplast preparation (from leaf tissue), transient transformation and cell-sorting were performed as described previously (7) . The shoot protoplasts were treated sequentially: with 1) N-supply as in MS media (1) (20 mM KNO3 + 20 mM NH4NO3) for 2 hours, then 2) 35 µM Cycloheximide for 20 minutes prior to 3) TF-nuclear induction by 10 µM DEX (7). After 3 hours of DEX-induced TF nuclear import treatment, transfected cells were sorted by Flourescence Assisted Cell Sorting (FACS). Cells overexpressing either the candidate TF(s) or empty vector were collected in triplicate and RNA-Seq libraries were prepared from their mRNA using the NEBNext® Ultra™ RNA Library Prep Kit for Illumina®. The libraries were pooled and sequenced on the Illumina NextSeq 500 platform for 75 cycles. The RNA-Seq reads were aligned to the TAIR10 genome assembly using Bowtie2 (8) and gene expression estimated using the HTSeq package (9) . Genes showing differential expression between the TF overexpression libraries and the empty vector libraries were identified using DESeq2 package at a significance level of FDR<0.05.
Bioinformatic Analyses
RNA-Sequencing analysis and identification of time-dependent N-response gene expression: RNA libraries were made from plants treated with N over time (see Plant N-treatment above). Raw reads were trimmed to remove low quality bases (q<10) and adapter contamination. Gene expression levels were determined by aligning reads to the Arabidopsis thaliana genome (TAIR10) using the TopHat (v2) package(10) and estimating read counts by the HTseq package (9) . Gene expression counts across the libraries were normalized using a quantile normalization method as implemented in the EDASeq R package (11) . Genes responding to nitrogen significantly (FDR adjusted p-val <0.05) over the time-series N-response data were identified by fitting a Cubic Spline Model (df=5) to the N-treatment and Control samples, using the lmFit function in the Limma R package (12) . The N-treatment and control spline models were contrasted using the eBayes function implemented in the Limma package (12) . The response curves of gene expression were visualized from the normalized gene expression values, using the ggplot2 package (13) in R (Fig. S12 ).
GRN network construction and network "pruning" refinement: A previously validated machine learning approach that implements Dynamic Factor Graphs (14, 15) , was used to derive the TF-target interaction in response to N-treatment. Briefly, the dynamic behavior (i.e., the gene expression values at the nine sampled time points) of the 172 TFs that respond to N-supply in shoots was used to model the behavior of the 2,174 genes (Table S1 ) responding to N-supply in shoots. Briefly, Dynamic Factor Graphs (DFG) identifies the likely set of TFs driving target gene expression, by learning an f function that explains the target gene expression at each time-point, based on the expression of the TFs at previous time-points (14) . We use the time-series transcriptome data to learn hyper-parameters of the DFG model using a leave-out time-point. Hyper-parameter optimization is the process of choosing a set of hyper-parameters for a good generalization of a learning algorithm (16) . Our dataset contains 10 time points. We train DFG on the first 9 time-points, and tune the hyper-parameters to minimize error on the last time point, and then inferred TF-target edges based on the constructed model. Then we look at the final matrix we obtain using all 10 time points, where the matrix estimates the influence of each TF on every N-responsive gene. This matrix is constructed as a network with the coefficient of TF influence on a given gene assigned as the edge score for that network edge. This "unpruned" network contains edges from all TFs to all genes. To increase confidence in the network predictions, we implemented a network pruning approach to used validated TF-targets to identify true positives from false positives, as described in (17) . To implement this "Network pruning", we conducted an Area Under the Precision Recall Curve (AUPR) based approach as follows: The true TF-target edges, i.e., experimentally validated edges of 3 TFs (CRF4, SNZ, CDF1. See Figure 2B , Table  S5 -S7) were used to calculate and plot the network Precision and Recall (Fig. S7C) . Briefly, the predicted edges in the DFG-inferred GRN are ranked by their score (i.e., the coefficient of influence of TF on its target gene). The network Precision and Recall are then computed by sliding down the ranked list and labeling each TF-target edge as validated (True positive) or not (False positive). After each step, the Precision (True Positives/ (True + False Positives)) and Recall (True Positives/ (True Positives + False Negatives)) of the network is recalculated (Fig.  S7A ). From these Precision and Recall measures, we determined the minimum edge score that meets a network precision of 0.345 (Fig. S7C ). This edge score threshold corresponds to 0.95554 in the DFG network. This edge cut-off was chosen to minimize false positives (i.e., higher Precision), while recovering as many true positives as possible. Therefore, all predicted edges with an edge score >=0.95554 ( Fig. S7C) were retained in the "pruned" network to generate the "pruned" TF-target network (Table S3) . This "pruned" DFG-inferred network represents a highly conservative estimate of the true influence of a TF, and therefore has a low Recall rate compared to the genome-wide targets of each of these TFs (Table S14) . Additional experimental support for TF-> Target interactions was also obtained from independent in vitro TF-binding data (18, 19) (Fig. 3) . This TF-target DNA binding dataset included in vitro TF-target binding information for 35 N-responsive TFs with DFG predictions (Table S4) (Fig. 3) . For each TF with target predictions (DFG) and binding data (DAP-Seq (18, 19) ), the two target sets were intersected to identify supported edges i.e., TF is predicted to regulate the target (by DFG) and TF is shown to bind to the target gene promoter (by DAP-Seq) (18, 19) (Fig. 3) .
"Just-in-Time" analysis of time-series transcriptome data
The normalized expression level of the N-response genes in shoots (2,174 genes, Table S1 ) and roots (2,681 genes, Table S2 ) at each of the time-points assayed (0-120 min) was used to calculate the fold-change of expression between the N-treated samples and the controls (KCl). For "just-intime" analysis, each gene was then assigned to the first time-bin at which the fold-change of expression is >=1.5 fold (See Fig. S2B ). The promoters of all genes in each "just-in-time" gene set ( Fig. S2C , blue bars & Table S1 ), were then analyzed to identify over-representation of cisregulatory element motif (FDR corrected E-val <0.05) using an online search tool (Elefinder (20)). Cis-regulatory motifs that are rare in the genome were filtered out to remove spurious associations by requiring that for each "just-in-time" bin every over-represented cis-motif must be present in at least 5 or more promoters in that gene set. The resulting matrix of over-represented cis-elements in genes at each "just-in-time" points was hierarchically clustered and visualized using MeV (21) (Fig.  S2A) . Separately, all genes in each "just-in-time" gene set were analyzed by the BioMaps function in VirtualPlant (22) to identify over-represented GO-terms in each bin (Fig. 1B and Fig. S2D ).
Calculating the "Nitrogen-specificity" index for TFs in the GRN. Of the 172 TFs that respond to N-signal in the shoot, DAP-Seq in vitro TF-target genome-wide binding data (18, 19) is available for 40 of these TFs (Table S12 ). For each of these TFs, their genome-wide targets were retrieved from the Plant Cistrome Database (18, 19) . We next obtained the subset of each TF's target in the N-signal response genes, by intersecting the genome-wide targets of each TF with the NxTime signal response genes in shoots (2,174 genes) (Table S1) ( where Tn is the total number of TF targets in the N-signal response gene set, and Gn is the total number of genes in the N-signal response gene set. The significance of each TF to the N-signal was then tested by a one-tailed t-test under the null hypothesis ' = " . The TFs with a significantly higher pn than pg (p-val <0.01) were accepted as being specific to the N-signal (Table  1 and Table S12 ). Table S1 ). C. The transcriptional response to Nitrogen in the shoots (i.e., size of NxTime genes) increases over time (Green bars). Blue bars = "just-in-time" gene sets identified using a classification algorithm to capture cohorts of genes whose expression is altered by the N-signal for the first time at that specific time-point (See Methods). D. Next, each "just-in-time" gene set was analyzed by the BioMaps function in VirtualPlant (22) (www.virtualplant.org) to identify overrepresented GO terms in each bin. . "Just-in-time" gene sets (blue bars) are identified using a "classification" algorithm to capture cohorts of genes whose expression is altered by the N-signal for the first time at that specific time-point (See Methods) C. The set of cis-element motifs specifically enriched in "just-in-time" analysis of the root NxTime series data is shown. Although, some cismotifs are shared with the shoot dataset (Fig. 1A) , many of the cis-element motifs in the root "just-in-time" gene sets are unique to the root N-response (e.g., WOX13, Dof5.7 etc). This result implies that distinct sets of TFs are likely driving the dynamics of the N-signal response in the roots vs. the shoots. (Table S12 ). In planta (2) and shoot cell-based transient TF perturbation assays (6) identified 16 TFs that are regulated by NxTime and by CRF4 (Table S11) . From this set of CRF4 targets, SNZ (JIT:10min) and CDF1 (JIT:45min) were chosen for further validation by TF perturbation in shoot cells using the TARGET system (6). B. Genome-wide regulated targets of CRF4, SNZ and CDF1 were validated by TF over-expression in plants (2) and/or shoot cells (6) (Tables S5-S7). C. Independently, genome-wide regulated targets of four additional TFs in the pruned GRN -HHO5/6, PHL1 and TGA1-were identified in shoot cells using the TARGET assay (6). Genome-wide regulated targets of all of these seven TFs (Panels B and C), show a significant overlap with the NxTime gene set in shoots. Six of these seven TFs show over-representation of GO terms related to the Nitrogen assimilation process (Tables S8-10 Step 4. A time-based de novo inference approach called Dynamic Factor Graphs (DFG) (14, 15) was used to infer the influence of each TF on each gene in the NxTime shoot set.
Supplementary Figures
Step 5. Three TFs (CRF4, and its validated downstream target TFs SNZ and CDF1) that were predicted by DFG to be influential in the N-signal response GRN were selected for experimental validation by identifying their genome-wide targets in shoot cells in the TARGET system (6) or in planta (2) .
Step 6. The genome-wide regulated targets of CRF4, SNZ and CDF1 were then used to compute Precision and Recall of the predicted DFG network in an Area Under the Precision Recall (AUPR) curve (Fig. S7 ). This AUPR analysis was then used to "prune" the network to identify a subnetwork with precision of 0.345 (Precision=0.345, corresponding TFtarget edge score=0.95554) (see Fig. S7 , and Methods).
Step 7. This "Pruned" NxTime network (Table S3 ) now connects 155 TFs to 608 N-responsive shoot genes.
Step 8. Additional support for the DFG predicted edges in this "pruned network" was derived by overlaying available TF-target binding data from an independent source (DAP-Seq) (18, 19) (Table S4 ).
Step 9. The precision of the "pruned" NxTime network was independently re-validated by determining the genome-wide regulated targets of four additional TFs (HHO5/6, PHL1 and TGA1) in the GRN in shoot cells using the TARGET system(6). The overall precision of the predicted edges for these four new TFs is 0.32, which matches very closely the overall "pruned" NxTime network precision of 0.345 (Step 6). (Table S5) , SNZ (Table S6 ) and CDF1 (Table S7 ) were compared to the ranked DFG edges in the time-based GRN (Table S3) Genome-wide regulated targets of three TFs (CRF4, SNZ and CDF1) were used to calculate the Precision and Recall of the GRN and to "prune" the TF-target edges in the network to a precision threshold of 0.345. A further set of four independent TFs (TGA1, HHO5, HHO6 & PHL1) whose TF-target regulation was validated genome-wide in shoot cells, were used to cross-validate the Precision of the pruned GRN. Precision of TF-targets edges inferred for these 4 individual TFs ranges from 0.17-0.45 with an average value of ~ 0.32. C. Area Under Precision-Recall (AUPR) analysis show that the DFG ranking of edge scores is significantly better than random order (p <0.001), and the Area under PR curve (AUPR) is higher for DFG compared to random ordering (n=1000). D. From the AUPR curve, the highest precision (Precision=0.345, corresponding edge score=0.9554) before the curve flattens was chosen as threshold to "prune" network predictions to include only higher-confidence targets (Table S3 ). (Table S3) Table S18 (CRF4-Shoot) and Table S21 (CRF4-Root) for full list of enriched GO terms for CRF4 responsive genes in each organ). In the shoots, the CRF4-OX regulated targets vs. Shoot NxTime overlap gene set was enriched in GO terms related to translational control and as well as other terms enriched in the Shoot NxTime gene set (see. Fig. 1 and Fig. S2D ). D. Validated CRF4-OX regulated targets in the shoot and root are significantly enriched (p<0.001, green shading) in the early and later justin-time gene sets in the respective organs. (Fig. S6) , were determined in shoot cells in the TARGET system (6). The predicted targets of these four new TFs in the "Pruned" GRN that were experimentally validated by the TARGET experiments are shown here. B. Precision of the "Pruned" GRN was re-estimated using the genome-wide taregts of these four new TFs. The overall network precision for this new set of TFs is 0.32 (110 validated out of 349 predicted). Also see Fig. S7B . C. Three of these four TFs -HHO5, HHO6 and PHL1 -are predicted and validated to influence six genes in multiple stages of the N-assimilation pathway. TGA1 was predicted to influence NRT1.1, NIR1 and NIT1 genes in the shoot NxTime response, but the TARGET system failed to validate these network predictions (i.e., false positives).
Additional data table S1 (separate file)
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